Research demonstrates that individualized instruction is superior to the traditional one-size-fitsall teaching approach. The use of 3D virtual environments for educational purposes is becoming attractive because of their rich presentation, user friendly interaction techniques, and adaptive capabilities. However, defining the adaptive aspect of 3D virtual learning environments (3D-VLEs) is a challenging task. In this paper, we quantitatively measure learning skill of a student through a fuzzy logic-based approach and use it as adaptation criterion for changing the contents of 3D-VLEs. The system displays customize teaching materials for different students, which results in improved learning. The experimental results show that the proposed approach is effective and can be efficiently used to enhance the learning capabilities of students in 3D-VLEs.
I. INTRODUCTION
Virtual Reality (VR) technology provides an efficient solution for problems where the physical alternative is not available, the cost of doing the actual work is high or the procedure of the task is very dangerous to perform [19] , [26] . For these reasons, the use of virtual technology for teaching and training purposes is increasing day by day and many fields such as surgery, aeronautic assembly, architecture, businesses and education etc. are using virtual reality applications to achieve efficiency in their work processes [5] , [9] . 3D-VLEs are 3D space represented in a computer where students freely navigate and easily select and manipulate objects in real time [4] , [6] . Adaptive 3D-VLEs have the ability to dynamically change it contents according to the learning capability of individuals and all the activities they perform which results in improved learning [22] , [23] . These systems have many advantages [15] , [19] . First, it shows customized teaching materials to each student which may prevent him/her from being overwhelmed. Second, it reduces the risk of astray navigation inside the virtual environments allowing students to fucus on the actual learning materials. Finally, adaptivity can make the distinction between education and entertainment which motivates students for learning. A very good literature is available regarding the adaptivity of 3D-VLEs but research on designing such environments is still immature and needs attention for further possible improvements [22] . Defining the the adaptive aspect of 3D-VLE is a difficult task as there is no clear strategy to modify the contents of 3D-VLEs for a specific learner [15] . In this paper, we use ''learning skill'' of a student as adaptation criterion for modifying the contents of 3D-VLEs. Student's learning capability is measured by a mathematical function using fuzzy logic based approach and the contents of 3D-VLEs are changed accordingly giving him/her the sense of one-to-one tutor. Hence, the learning process is improved.
The remaining of the paper is organized as follows. Section II contains literature review. The adaptive frame work is presented in section III followed by fuzzification in section IV. Experimental setup along with experimental results are discussed in section V. Section VI contains discussion followed by conclusion and possible future work in section VII.
II. LITERATURE REVIEW
A very good literature is available on the adaptive aspect of virtual learning environments(VLEs). De Troyer et al. [19] and Ewais and De Troyer [22] , worked on different components of virtual environments (VEs) and introduced a set of adaptation types and a set of adaptation strategies for 3D-VLEs. According to them, adaptation can be applied to a single component as well as multiple components of VEs. Adaptive Hypermedia Architecture (AHA!) is the well known adaptive framework presented by Bra and Calvi [10] and De Bra et al. [18] . AHA! is used to build and maintain student model and provides personalized learning content for him/her. It is also used for adding adaptive features to different applications such as museum sites, encyclopedia, and on-line courses etc. Chittaro and Ranon published many papers regarding the adaptivity of virtual environments. In 2000, they introduced an approach called ADVIRT. Based on personalization rules, the approach customizes navigation inside a VR stores [17] . The same authors presented the idea of Adaptive Web 3D that customizes the contents of 3D website according to the requirements of individual customers [13] .They also extended the E-learning platform and introduced the concept of adaptive educational virtual environment (EVE) [14] , [15] . The environment utilizes AHA engine and provides adaptivity inside EVE according to the learning style of students [16] . Brusilovski et al. presented adaptive hypermedia methods that support various navigation techniques and provides adaptivity inside 3D-E-Commerce environments according to the shopping needs of customers [11] . Santos and Osorio [21] , introduced an idea called AdapTIVE (Adaptive Three-dimensional Intelligent and Virtual Environment) for distance learning systems. They used virtual agents that help users during interaction with the virtual environments.
Baziukaitë [7] , worked on a smart agent oriented approach that creates and upgrades curriculum according to the needs of students in adaptive virtual learning environment. Giuffra et al. [24] used similar technique. They were considering and monitoring students performance and study material they access to achieve adaptability in distributed VLEs. Zakrzewska [34] used clustering techniques that provide appropriate layouts to a group of students with similar preferences. Verpoorten et al. [30] , used mining techniques in adaptive virtual learning environments. They used some parameters to observe learners interactions with the virtual environment which are then used to trigger automatic application of rules that leads to the production of customized learning materials. Similarly, Al-Aubidy [1] used the approach of conducting a pre-test from students. Their learning levels are computed and customized contents are displayed for them. Kurilovas et al. [25] analyzed learning personalization for web 3.0 in terms of suitability of learning objects, learning methods, and learning activities to a particular learning styles. Moghim et al. [27] , worked on an adaptive dynamic virtual environment which is capable of responding to human emotions. Similarly, an immersive theatre was designed by Yan et al. which improves audience engagement level by triggering the adaptive performing cues [32] . All these methods are effective for changing the contents of virtual environments but nobody considered ''learning skill'' of student as adaptation criterion for 3D-VLEs. In this paper, we use ''learning skill'' of a student as adaptation criterion for 3D-VLEs. Student's learning capability is measured by a mathematical function using fuzzy logic based approach and the contents of 3D-VLEs are changed accordingly giving him/her the sense of one-to-one tutor.
III. THE ADAPTIVE FRAMEWORK
''Learning skill'' of a student is a qualitative variable which is difficult to be measured directly. However, we can use some quantitative variables such as time, number of errors and test scores to compute the learning capability of students in 3D-VLEs [2] , [3] . Learning Decision Function (LDF) accepts these three variables as input and returns student's learning skill in the range of 0 to 1. Based on the performance of a student in last six levels, a fuzzy logic module puts the student in a proper group (i.e. Good, Average and Weak learner). The system adapts itself in such a way that it displays customize teaching materials to each type of student. The approach makes the adaptive system students friendly and they get motivated towards learning in the virtual environment. Fig.1 graphically represents the proposed model.
A. LEARNING DECISION FUNCTION (LDF)
Let T m is the time taken by a student to complete the learning module/Unit M. E m and T s represent number of errors and test scores of a student respectively. Then, we can define the LDF as given below.
1) A good learner needs less time for understanding the given concept while slow learner needs more time to acquire the same knowledge. Therefore,
2) A good learner performs less number of errors as compared to a weak learner. Hence,
3) Similarly, a good learner takes high marks in test as compared to a weak learner. So,
4) Now combining equations 1, 2 and 3, we have
where, K is the constant of proportionality. The LDF as defined by Eq.4 is implemented in such a way that it successfully obeys the following two conditions for t [15, 300] , e [1, 10] and m [0, 5], where t represents time which is measured in seconds, e represents number of errors and m represents test marks of a student in the learning module M.
1) When a student takes minimum time (i.e. 15 seconds); performs minimum errors (i.e. 1) and gets maximum score (i.e. 5), LDF gives maximum value i.e. 1.00. 2) When a student takes maximum time (i.e. 300 seconds), performs maximum errors (i.e. 10) and gets minimum marks (i.e. 0), LDF gives minimum value i.e. 0 + , where is a Greek word, greater than zero, however, small no matter. Operation of the proposed adaptive system is summarized as follows. I. In each learning module, student is awarded a letter grade based on his/her performance measured through LDF. II. Letter grading is done using a three point scale as given below.
III.
A student can make a transition from the current learning module to the next through learning path X, Y or Z.
• Path (X): This path includes the summary of the learning unit which is quite enough for good quality learners.
• Path (Y): Path (Y) includes standard information as given by the teacher for average learners.
• Path (Z): This path includes in depth details of the learning unit that facilitates the learning process of weak learners.
IV. FUZZIFICATION
In 1965, Zadeh introduced the concept of fuzzy set theory and now it has many applications in engineering sciences, medical sciences and computer sciences etc. [28] . In the proposed approach, we used the linguistic variables i.e. good, average and weak which have a lot of vagueness. The fuzzy sets and membership values are the most powerful tool to model these inexact concepts and subjective judgments [8] , [12] , [29] .
Here we present our fuzzy approach for the evaluation of student performance in 3D-VLEs. In each learning module, student performance is measured using the LDF function. A six-dimensional vector approach is used to provide a correct letter grade to a specific student. Based on the grade of a student, system displays appropriate teaching materials on the screen. Before presenting our proposed system, we need to know some useful definition of fuzzy set theory [8] , [33] , [35] .
• Fuzzy Set: Let X is the universe of discourse. A fuzzy set F is defined as the following set of pairs: F = ( µF(x),x): x X, where, µF : X−→[0, 1] is a mapping called the membership function of the fuzzy set F and µF(x), is called the degree of membership of x X in the fuzzy set F.
• Degree of similarity between two fuzzy sets: The degree of similarity between two fuzzy sets A and E is denoted by S(A, E), and is defined by Eq.5 as given below.
WhereÂ =< µA(x1), µA(x2), µA(x3), . . . . >, and E =< µE(x1), µE(x2), µE(x3), . . . . >, are vectors and X = {x1, x2, x3, . . . s} are dot products. • Universal Set: For this paper we have assumed the set U = {0, 20, 40, 60, 80, 100} as the universal set.
• Standard Fuzzy Sets: There exists n Standard Fuzzy Sets (SFS) of the universal set U. For this paper, we have only considered three sets as below. The above values for SFS were proposed by Biwas [8] and are not standards. For the purpose of simplicity we used it which generate the following standard values.
We developed an efficient procedure, inspired from the efforts of Al-Aubidy [1] and Biwas [8] that works as follows.
1) The first six levels are used as trials in which the learning capability of a student is measured using the LDF. The values returned by the function are represented by Fi and are stored in a data structure, explained in step 4. 2) Before the student enters in the 7th level, his/her learning capability is evaluated as below.
• The degree of similarities are calculated for Fi) , where G, A and W are SFS as explained earlier.
• Find the maximum of the above values. For the sake of simplicity, let S(A, Fi) is the maximum value. The system considers the student as an average learner and puts him/her in group A. The student is now able to enter in the next learning level through path Y as shown in table 1.
• If the maximum value is S(G, Fi), the student group is G (i.e. good learner) and will follow path X for entering into the next level.
• Similarly, for S(W , Fi) the student group is W (i.e. weak learner), therefore, he/she will follow path Z. 3) For the next learning levels, the last six values of LDF are used to calculate the group of a student. 4) To evaluate multiple students, a two dimensional array of eight columns and n rows are used as shown in table 2, where n represents total number of students.
V. EXPERIMENTAL SETUP
The framework proposed in Section III was implemented in MS Visual Studio 2008 using OpenGL Library installed on TABLE 2. Learning skill of students in the last six modules using LDF.
FIGURE 2. Virtual chemistry class room.
HP Corei3 Laptop having 1.8 GHz processor, 4GB RAM and window 7 (64-bits) operating system. To check the efficiency of our proposed framework, we also used traditional system for learning in 3D-VLEs. Traditional systems display same amount of teaching materials to each type of student in each module. The proposed system was installed on one laptop while the traditional system was installed on another laptop. The simulated environment of the proposed system is shown in Fig.2 .
A. EXPERIMENTAL PROTOCOL
We randomly selected 70 students of class 10 both males and females from 12 different schools. Checking the academic history of students and with consultation of their teachers, students were divided into two groups G1 and G2 of 35 students each. G1 consisted of weak students with average marks of 60 percent in their academic career while G2 consisted of good students with average marks of 81 percent. We selected two different topics (i.e. atom and molecule) having the same difficulty level from the subject of chemistry VOLUME 6, 2018 of class 10th to perform experiments. Both G1 and G2 were taught topic 1 on the traditional system and then topic 2 on the proposed system. The experimental results were recorded and summarized in next sections.
B. EXPERIMENTAL RESULTS
After completing topic 1 on traditional system, we conducted a written test T1 from G1 and G2. Similarly, after the completion of topic 2 on proposed system, we took another test T2 from both groups. In Fig.3 , we have summarized the overall performance of 70 students using both the proposed and traditional systems for learning in 3D-VLEs. From Fig.3 , it is clear that most of the students got high marks when they were using the proposed system. In G1, 74% students got more marks when they were using the proposed system for learning as compared to their marks in the traditional system. 14% students showed neutral results i.e. they got same marks on both systems. 9% showed negative results i.e. they got less marks when they were using the proposed system. Similarly, for G2, 37% students got more marks when they were using the proposed system for learning as compared to the traditional system. 40% students showed neutral results i.e. they got same marks on both systems. 23% showed negative results i.e. they got less marks when they were using the proposed system.
C. DESCRIPTIVE STATISTICS
With the help of SPSS 16, we have used some statistical techniques to evaluate the efficiency of the proposed system which are presented in Table 3 and Table 4 . Table 3 summarizes the overall performance of 70 students on both systems. For weak students, the mean and standard deviations were (M = 62.57, STD = 9.804) and (M = 72.28, STD = 6.896) using the traditional and proposed systems, respectively. Similarly, for good students the mean and standard deviations were 83.42 and 8.381 for the traditional system while these were 88.57 and 7.333 for the proposed system. Weak students showed an improvement of 10 marks (on average) using the proposed system. They also showed an improvement in terms of standard deviation which was reduced from 9.804 to 6.896. Similarly, good students showed an improvement of 5 marks (on average) and the standard deviation reduced from 8.381 to 7.333 using our system. The statistical values show the efficiency of our proposed system for 3D-VLEs.
We further analyzed our proposed approach and performed ANOVA test on the marks obtained by the students in tests T1 and T2. We considered the following three test cases. 
Test Case 1:
In case 1, we performed ANOVA for G1 through test scores T1 and T2 obtained by students using the traditional and proposed systems, respectively. The ANOVA (F (1, 34) = 7.881, p = 0.0001) is significant.
Test Case 2:
In case 2, we performed ANOVA for G2 through test scores T1 and T2 obtained by students using the traditional and proposed systems, respectively. The ANOVA (F (1, 34) = 5.535, p = 0.002) is significant.
Test Case 3:
In case 3, we performed ANOVA for G1 and G2 through test scores T2 obtained by students using the proposed system. The ANOVA (F (1, 34) = 31.922, p = 0.0001) is also significant. The statistical data summarized in table 3 show that although the proposed system is effective for all students, it is more friendly for weak students as compared to good students. G1 showed an improvement of 10 marks while G2 showed an improvement of 5 marks using the proposed system. Also, we got a three point's reduction in standard deviation for G1 and a single point reduction for G2. The data in table 4 further confirms the opinion. For test case 1, the ANOVA (F (1, 34) = 7.881, p = 0.0001) is significant which means that the proposed system is effective for students in G1. For test case 2, the ANOVA (F (1, 34) = 2.339, p = 0.002) is again significant, therefore the it can be used for enhancing the learning capabilities of G2 students. Similarly, for test case 3, The ANOVA (F (1, 34) = 31.822, p = 0.0001) is also significant. The reason is that although the proposed system is much effective for G1 as compared to G2 but it cannot eliminate the real difference between G1 and G2 students which makes sense. If a system is helping weak student to improve, it also helps good student to make quick progress. Therefore, the difference will always be there. The proposed system behaved in similar manner.
D. SUBJECTIVE EVALUATION
In this section, we analyze the responses of students regarding the proposed framework. A questionnaire, consisting of six questions as shown in Table 5 was distributed among the 70 students. Students' feedback is summarized in Table 6 .
For question Q1, 30% students marked it strongly agree, 51% were agreed, 10% were neutral, 5% were disagree and the remaining 4% marked it strongly disagree. For question VOLUME 6, 2018 Q2, 41% students were strongly agreed, 49% were agreed, 7% remained neutral and 3% were disagreed. Similarly, for question Q3, 37% students were strongly agreed, 55% were agreed, 6% were neutral and 2% were disagreed. With response to Q4, 53% students were strongly agreed, 37% were agreed, 6% remained neutral and 4% were disagreed. For question Q5, 31% students marked it strongly agree, 63% were agreed, 2% were neutral, 1% were disagree and the remaining 3% marked it strongly disagree. The Students' feedback for Q6 were, 9% strongly agreed, 8% were agreed, 10% remained neutral, 37% marked it disagree while the remaining 36% were strongly disagreed. it is clear that most of the students showed positive response for question Q1 to Q5 while their response was negative for Q6. Therefore, we concluded that the proposed framework is student friendly which motivates students for learning and can help them in the memorability of teaching materials.
VI. DISCUSSION
3D-VLEs have made the learning process easy and provide cost effective solution for many problems. However, there are some limitations of this technology which need attention for possible improvements. For instance, most of 3D-VLEs are saturated with different objects which negatively affect the performance of students in the virtual environment [19] , [22] . The students are overwhelmed with teaching materials and are get lost in the environment which results in low performance. 3D-VLEs are also not very much effective for younger students who have low motivation for education. They spend most of their time in activities which are not related to learning [20] , [31] .
The proposed frame work is effective in many ways. First, It calculates the learning skill of a student in each learning unit. Based on performance, it displays customized information on the screen in the next learning module. The personalized information can easily be absorbed by the student and therefore, he/she is not overwhelmed with teaching materials. Second, students performance is evaluated by LDF which takes time,number of errors and test scores of a students as an input. To get high value of LDF, the system forces the student to concentrate on the actual learning materials. He/she is actively involved in the learning process and does not have time for extra activities.Third, students are required to give a test at the end of each learning unit. The students try their best to keep remember the terms and concepts explained in the unit. Finally, the LDF value is displayed on the screen. Students get motivated for learning when they see their progress. The subjective evaluation confirms these opinions. The proposed approach is generic and can be utilized as a part of any learning environment to enhance students learning productivity.
VII. CONCLUSION AND FUTURE WORK
In the proposed framework, learning capability of a student is measured through LDF and is evaluated using fuzzy logic. Based on students performance the system displays customize teaching materials for weak, average and good students. Weak students are provided detailed information about the given concept, therefore, they stay more in the learning level which gives them the opportunity to learn. On the other hand the proposed system displays only standard information about the learning unit for good students which enable them to make quick progress and finish their work in less time. The proposed system prevents students from being overwhelmed with teaching materials displayed on the screen; therefore, the learning capability of students in 3D-VLEs is enhanced.
Although the proposed approach is effective, there are some limitations of the study which needs attention for possible improvements. First, the LDF accepts three variables i.e. time, number of errors and test scores of a student to calculate the learning skill of a student in 3D-VLEs. Additional variables must be identified for inclusion in the function definition to get more insight of student learning capability. Second, the customized paths X, Y and Z contain fixed information for good, average and weak learner, respectively. A well defined mechanism is needed to add information dynamically on these paths for different students of the same group i.e. weak, average, and good. (CS) degree with a specialization in virtual reality and intelligent systems from the University of Malakand, Pakistan, in 2011 and 2015, respectively, where he is currently pursuing the Ph.D. degree. His current research interests include 3-D graphics, virtual reality, and intelligent systems. VOLUME 6, 2018 
